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Abstract

Over the last two decades, the United States has spent almost twice as much per person in
healthcare compared to most other wealthy countries. However, this higher spending has not
necessarily transformed into improved quality of care; According to World Health Organization
reports, the US now ranks 39th for child health and wellbeing and worst in maternal care among
developed nations. In terms of proportion of preventable hospital visits, low-risk cesarean sections,
and avoidable maternal morbidity/death, the U.S. is among the highest compared with the peer
nations. The prevalence of these adverse outcomes in pediatric and obstetric care is particularly
disproportionately high among Medicaid beneficiaries in comparison to privately insured patients,
mainly driven by persistent disparities in access to care and care experiences. Consequently,
Medicaid expenditure for these groups has been straining federal and state budgets in the last
decades, and a substantial increase is expected in the future. In the US, nearly half of obstetric and
more than a third of pediatric healthcare is provided through the Medicaid program, and the
Medicaid system continues to face substantial challenges in improving care quality and reducing
cost in what is now a major policy concern. The key challenges in improving the quality of child
and maternal health services provided through Medicaid are (1) how to enhance understanding
about the causes and implication of pediatric care fragmentation, higher preventable hospital visits
and cesarean rates, and (2) how to better design decision support for Medicaid patients that
considers all major stakeholders, which can reduce adverse outcomes, improve health in the
vulnerable population and consequently, saves money for the American people.
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The objectives of this dissertation, therefore, were to generate new knowledge regarding
care fragmentation and disparities in pediatric and maternal health and to develop improved, datainformed decision support that aims to reduce the adverse outcomes associated with Medicaid
settings. Using the Florida State and national claims databases, fragmentation of pediatric care was
explored in the context of index vs non-index readmission, then associated risk factors were
identified, and finally impact of this difference in destination effect on readmission outcomes were
explored. Furthermore, after illustrating novel geographical and racial disparities in the fragmented
context of pediatric care and the adverse implications of non-index readmission, ways of
improving pediatric readmission prediction were explored that could aid both managed care
programs and hospitals in designing comprehensive interventions that target children who are at
high risk for readmission. More specifically, two innovative decision support approaches were
proposed to enhance the prediction of pediatric readmission as compared with existing approaches.
First, a novel early risk predictive model was proposed at the time of hospital admission that
improves the high-risk patient selection process for hospitals. In the second approach, a cohortspecific readmission model was proposed that achieved higher discrimination when compared with
traditional all-cause readmission models. In addition, an innovative framework of preventable ED
visits and revisit prediction models at three patient-provider interaction timepoints under Medicaid
managed care settings was proposed in this dissertation. This model has practical applicability for
managed care organizations and can help improve the patient selection process for intervention
planning, particularly for services targeting the social determinants of children’s health and
wellbeing.
For improving maternal care quality,

the causes of the persistently high interstate

variations in cesarean rates were investigated and their implications on financial and adverse health
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outcomes were analyzed. Finally, the impact of the Florida Statewide Medicaid Managed Care
(SMMC) programs on pediatric and maternal care outcomes were estimated with a focus on
reducing racial and ethnic disparities. After the SMMC implementation, there was a substantial
reduction in several pediatric and maternal care outcomes and associated disparities. The findings
of this study could help state policymakers understand the current performance of existing SMMC
programs in reducing care disparities as well as facilitate the design of better policies and managed
care contracts.
In summary, through the development of these six studies, this dissertation
comprehensively provides novel insights and introduces innovative decision support approaches
considering all major Medicaid stakeholders, which can be used to better design Medicaid
pediatric and maternal care delivery systems.
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Chapter 1: Introduction

1.1 Backgrounds
The overall healthcare spending in the United States is the highest in the world with an
average of 18% of its gross domestic product (GDP) over the last 10 years.1 Healthcare spending
per person in the U.S. is almost two times higher compared to the most other wealthy countries,
mainly driven by a higher tendency to utilize high-cost healthcare resources (e.g., emergency
department visit vs primary care treatment).2–4 However, this higher healthcare spending has not
transformed into improved quality of care. The U.S. ranks lowest compared with the other
industrialized countries on many measures including care access, health outcomes, quality, and
efficiency.2,5,6 Therefore, reducing healthcare expenditure and improving care quality has been a
major policy concern in the U.S., and several critical legislations (e.g., Affordable Care Act) and
programs (e.g., Hospital Readmissions Reduction Program) have been implemented in the last
decades.7,8 These efforts result in improvement in adult healthcare care quality, particularly for
targeted elderly populations.9 Compared to the elderly and private insured population, health
outcomes and care quality in children and during maternal care remained unchanged, and one
study even reported worsened pediatric and obstetric care conditions in recent years.10–12 The U.S.
now ranks 39th for overall child health and well-being while ranking worst in maternal care when
compared with 10 other developed nations.12,13 Particularly, in terms of preventable hospital visits
and avoidable maternal morbidity/death, the U.S. is the highest proportion compared with the peer
nations.4,12 Besides, the rate of cesarean sections in the U.S. is among highest among advanced
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nations, almost 2.5 times rate than in the lowest country.10 Henceforth, the US healthcare system
continues to face substantial challenges in improving care quality and reducing cost in pediatric
and obstetric care. In the US, nearly half of all pre-post-natal care and more than one third of the
children healthcare provision are covered through the federal and state joint funded Medicaid
program.
Medicaid plays a critical role in ensuring health care needs for over 28 million children and
2.2 million births annually in the U.S..14 Medicaid healthcare expenditures for children and
maternal healthcare constitute a substantial proportion of the total federal and state budget. In
2018, total federal Medicaid spending was $96 billion and $34 billion for children and maternal
healthcare and excepted to a substantial increase in the future.15 According to Kaiser founder 2019
reports, the majority of the Medicaid spending went to the mandatory managed care programs
covering more than 75% of total Medicaid beneficiaries in the US.14 The average spending per
enrollee in Medicaid covered children is almost similar compared to private insurance and
marginally lower for during maternal care, compared with commercially insured mothers.16
Although there is marginal spending difference with private payers and increasing expenditure for
Medicaid population, the overall health and wellbeing of the Medicaid managed care beneficiaries
have not improved significantly compared with the privately insured population.15,17 Medicaid
beneficiaries have higher rates of hospital usages (e.g., higher ED visits and readmission rates),
higher mortality, and longer hospital stays than commercial insurance. Furthermore, Medicaid
beneficiaries expected substantial racial and ethnic disparities in access to care (timely
primary/specialist/OB-GYN care), preventive (e.g., pediatric well-care visits and care
experiences), and care experience.18–22 Therefore, the objective of this dissertation is to discover
new knowledge regarding care fragmentation and disparities in pediatric and maternal care health
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outcomes and develop data-informed decision support that aiming at reducing associated adverse
health outcomes under Medicaid managed care settings.
In this dissertation, the overall research objective will be addressed by targeting three
healthcare quality metrics in pediatric and maternal care. Three critical care quality metrics are (1)
preventable Emergency Department (ED) visits, (2) preventable readmission, and (3) low-risk
cesarean delivery. Preventable hospital visits in pediatric and maternal care are an important metric
to assess patient care quality for clinicians, insurers, and healthcare providers. Preventable hospital
visits are costly and often associated with adverse health outcomes.23–25 The total hospital charges
of pediatric pediatric preventable ED visits and readmissions within 30-days is around $21 billion,
while postpartum preventable hospital visits resulted in a total in-hospital cost of around $2
billion.26 Besides, low-risk cesarean rates have also become a critical metric in assessing maternal
care quality for healthcare providers. Cesarean delivery is also costlier and associated carries short
and long-term risks for both the mother and child than vaginal delivery.27,28 Reducing unnecessary
low-risk cesarean could potentially reduce overall healthcare expenditures and associated adverse
health outcomes.
Improving these pediatric and maternal care quality outcomes is particularly important
under managed care settings since the majority of the children and pregnancy health care provision
were covered through various managed care programs. Medicaid managed care organizations
(MCO) usually share most of the financial risk by state contract and, thereby highly incentivized
to reduce unwarranted costs such as preventable hospital visits, and unnecessary cesareans while
improving the quality of care.29,30 MCOs have broad flexibility to cover services delivered via
various care settings, therefore, using new knowledge and improved patient selection predictive
analytics, managed care programs can implement targeted interventions to reduce the risk for
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subsequent adverse health events. Therefore, the rationale underlying this investigation under
MCO setting is that, providing novel knowledge regarding care fragmentation, preventable
hospital visits, and low-risk cesarean and developing a holistic framework of decision support for
all MCO stakeholders to reduce these preventable incidences, which provide opportunities to
improve pediatric and maternal care outcomes and therefore reduce overall healthcare
expenditures. An MCO care setting generally comprises four main stakeholders, (1) State
policymakers, (2) Managed care programs, (3) care providers and, (4) patients. Each of these MCO
stakeholders plays a critical role in assuring adequate healthcare provision among the beneficiaries.
State policymakers establish the framework of overall care context through appropriate coverage
and health service regulations. Managed care programs operationalize financial elements, enroll
beneficiaries and provide care service to enrolled beneficiaries through dedicated care providers.
The research studies presented in this dissertation provide novel insights and introduce decision
supports approaches considering independently all four major MCO stakeholders, which they can
use to better design a more effective and comprehensive healthcare delivery system.
1.2 Research Contributions
The research contributions of this dissertation are described as follows.
1. In the first study (chapter 2), I quantified the state and national trends in pediatric care
fragmentation in the context of index vs non-index readmission, identified significant risk
factors, and determine whether this destination difference affects readmission outcomes.
In addition, I explored the recent geographical variation of pediatric non-index readmission
across Florida State. This study highlights the persistence of pediatric care fragmentation
after the initial hospitalization and provides insights regarding the contributing factors and
adverse health implications of these non-index pediatric readmissions.
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2. In the following study (chapter 3), I proposed a novel pediatric readmission prediction
model at the time of hospital admission that can improve the high-risk patient selection
process, with the possibility of early pediatric readmission risk prediction. Proposed early
readmission risk decision support model can help to admitting hospitals and providers
additional time for intervention planning, particularly for those targeting social
determinants of children's overall health.
3. In the next study (chapter 4), I proposed cohort-specific pediatric readmission predictive
models that can achieve higher discrimination compared with the traditional all-cause
readmission models. Since pediatric readmissions vary greatly (~3%-30%) depending on
the index diagnosis and I hypothesized that a single all-cause model for readmissions
prediction in a clinical setting may be insufficient. Subsequently, I constructed cohortspecific predictive models based on supervised machine learning algorithms to identify
children with the risk of 30-day readmission for two acute and three chronic conditions and
compared them with the performance of the all-cause readmission model. Machinelearning models I developed in this study improved the readmission prediction for the
majority of pediatric conditions compared with the all-cause readmission model. In
addition, I identified several novel significant readmission risk factors in this study and
compared them across different index conditions to better understand the opportunities to
design future targeted interventions.
4. In the study introduced in chapter 5, I proposed a novel framework of preventable ED visits
and revisit prediction models at the timepoints when MCOs generally receive information
regarding patient’s information from providers or self-reported by the children’s parents.
This framework and prediction models have pragmatic applicability for the MCOs
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covering children's healthcare and can help physicians and providers with the improved
patient selection process for intervention planning, particularly for those targeting social
determinants of children's wellbeing and health. Therefore, this study comprehensively
highlights managed care program's potential to reduce avoidable pediatric ED visits
through comprehensive machine learning-based predictive models and provides important
insights regarding the influencing factors of preventable ED visits and economic impact in
the Florida State Medicaid program.
5. In the following study (Chapter 6) focusing on maternal care quality outcome, I explored
the causes of the persistent high variation in interstate cesarean rates and their financial and
clinical impact on health outcomes. The rationale for this study is that an improved
understanding of the realities of existing differences in intrastate cesarean rates and
associated outcomes is crucial to state policymakers for developing new action plans or
restructuring state Medicaid programs with a goal of more comprehensively meeting public
health needs. Using a novel non-linear extension of the Oaxaca-Blinder method I
decompose the contributions of differences in characteristics to cesarean variations for
Florida, New York, and Wisconsin State. The cesarean variations explained by this study
are considerably greater than those of a prior study (~30.7–43.7%) in the United States. In
a novel analysis, I found that social determinants of health and admitting hospital
characteristics (e.g., higher markup ratio) determinants explained the largest proportion of
the differences in state cesarean rates. Since non-clinical factors are likely to play an
important role in an increased cesarean rate and variations, insight from this study could
help managed care providers and policymaker to devise interventions, including improving
access to maternal care, training for patients with low-risk pregnancies for state-specific
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high-risk groups (e.g., Hispanic/Latino), and restructuring the reimbursement schemes of
for-profit hospitals (e.g., bundled payment).
6. After finding new insights about pediatric and maternal care outcomes and the
development of novel decision support that can improve prediction of these outcomes, I
investigated the impact of State of Florida mandatory managed care (SMMC) programs in
reducing pediatric preventable hospital visits, care fragmentation, and maternal care
outcomes, particularly focusing on persistent racial/ethnic disparities (see Chapter 7). This
is the first study to analyze Florida SMMC's impact on pediatric and maternal care quality
and explore the association between SMMC implementation and racial/ethnic disparities.
In this study, the estimation showed evidence of a substantial reduction in several pediatric
care outcomes (e.g., preventable hospital visits and revisits) and maternal care outcomes
(postpartum revisits and readmission rates) for the Medicaid population compared with the
privately insured patient population. Besides, I also estimated the financial impact of
SMMC due to potentially preventable hospital encounters for Medicaid pediatric and
obstetric care patient populations. Therefore, the study highlights the overall impact of
SMMC on pediatric and obstetric healthcare quality in Florida State; and provides
important insights regarding the positive dynamics and potential scope for improvement in
care quality and associated racial/ethnic disparities among the Medicaid population.
In summary, the work presented in this dissertation provides important novel knowledge
about Medicaid pediatric and maternal care quality to better understand the improvement scope in
care quality and to reduce associated racial/ethnic disparities for all stakeholders in Managed care
settings. The novel decision support system we proposed in this dissertation would help hospital
administrators and managed care programs to better design comprehensive clinical and non-
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clinical interventions that can reduce preventable adverse health outcomes and consequently
reduce healthcare expenditures. Furthermore, findings of our study could also help Florida State
Policymakers to better understand the existing performance of the SMMC program in reducing
disparities in care delivery and, could facilitate the design of better policies and Managed care
contract with optimal levels of incentives that will directly stipulate MCO programs to enhance
the care provisions to the vulnerable population in need and indirectly improve hospital care
quality, and reduce overall healthcare expenditures.
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Chapter 2: Characteristics and Health Outcomes of Pediatric Readmission to Index Versus
Non-index Hospitals

Increasing pediatric care regionalization may inadvertently fragment care if children are
readmitted to a different (non-index) hospital rather than the discharge (index) hospital. Therefore,
this study aimed to assess trends in pediatric non-index readmission rates, examine the risk factors,
and determine whether this destination difference affects readmission outcomes. This retrospective
cohort study uses the Healthcare Cost and Utilization Project State Inpatient Database to include
pediatric (0-18 years) admissions from 2010 to 2017 across Florida hospitals. Risk factors of nonindex readmissions were identified using logistic regression analyses. The differences in outcomes
between index vs. non-index readmissions were compared for in-hospital mortality, morbidity,
hospital cost, length of stay, AMA discharges, and subsequent hospital visits using generalized
linear regression models. Among total 41,107 identified readmissions, 5,585 (13.6%) were
readmitted to non-index hospitals. Adjusted non-index readmission rate increased from 13.3% in
2010 to 15.4% in 2017. Patients in the non-index readmissions group were more likely to be
adolescents, living in poor neighborhoods, have higher comorbidity scores, traveling longer
distances, and be discharged at the post-acute facility. After risk adjusting, no difference in inhospital mortality was found, but morbidity was 13% higher, and following unplanned ED visits
were 28% higher among patients with non-index readmissions. Length of stay, hospital costs, and
against medical advice discharges was also significantly higher for non-index readmissions. This
study highlights the persistence of pediatric care fragmentation after the initial hospitalization and
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provides insights regarding the contributing factors and adverse health implications of these nonindex pediatric readmissions. The complete manuscript titled Characteristics and Outcomes of
Pediatric Non-index Readmission: Evidence from Florida Hospitals, currently accepted (In Press)
in Hospital Pediatrics can be found in Appendix C.
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Chapter 3: Identifying Children at Readmission Risk: At-Admission Versus At-Discharge
Readmission Prediction Model

Unplanned pediatric hospital readmissions are costly and often associated with adverse
health outcomes and therefore have become a major policy concern. Therefore, readmission
reduction efforts in the pediatric patient population gained significant attention to researchers more
recently in devising ways of reducing readmission risk among children. An improved readmission
reduction model can help hospitals and healthcare providers to identify high-risk patient groups
and therefore, implement interventions on time that reduce the risk of unplanned admission within
30 days of hospital discharges. Previous pediatric readmission studies are thus far limited to the
development of a prediction model after patient hospital discharges. Since the timing of the
pediatric readmission is highly skewed (~40% of the occurred within 7 days) and there is a delay
between information exchange between healthcare providers, which might provide limited time to
the hospital to devise a comprehensive intervention plan. Therefore, in this study we propose, a
novel pediatric readmission prediction model at the time of hospital admission to improve the highrisk patient selection process and compared the proposed model with the existing at-discharge
model.
Using the Hospital Cost and Utilization Project database, this prognostic study included
pediatric hospital discharges in Florida from January 2016 through September 2017. In this study,
we evaluated the pediatric readmission prediction model using patient information and available
data for two major time points, (1) prediction model that uses data available at the time of hospital
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admission or transferring to another acute care hospitals (AD-PDR), (2) tradition readmission
prediction model (DS-PDR) that uses all available information during discharge time. Four
machine learning algorithms including logistic regression (LR) with backward stepwise selection,
Decision tree (C4.5), Support Vector machines (SVM) with the polynomial kernel, Gradient
Boosting (GB) algorithms were developed for at-admission and at-discharge model using a
recursive feature elimination technique with a repeated cross-validation process. The performance
of the AD-PDR and DS-PDR models was measured by the area under the curve (AUC). The
performance of the at-admission model was comparable with the at-discharge model for all four
algorithms. SVM with Polynomial Kernel algorithms outperformed all other algorithms for atadmission and at-discharge models. Important features associated with increased readmission risk
varied widely across the type of prediction model and were mostly related to patients’
demographics, social determents, clinical factors, and hospital characteristics. To our knowledge,
this is the first study to develop an at-admission pediatric readmission model and compared
prediction performance with the traditional at-discharge readmission prediction model. In addition,
our proposed revised AD-PDR models excluding two-body system diagnosis showed improved
and almost similar prediction performance compared with the DS-PDR model. Proposed early
readmission risk decision support model can help to admitting hospitals and providers additional
time for intervention planning, particularly for those targeting social determinants of children's
overall health. The complete manuscript titled “Identifying Children at readmission Risk: Atadmission versus at-discharge readmission prediction model”, under review (under second
revision) in the International Journal of Intelligent System, can be found in Appendix D.
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Chapter 4: Identifying Children at Readmission Risk: Cohort-Specific Versus All-Cause
Readmission Prediction Model

Although pediatric readmissions are costly and potentially preventable, accurately
predicting and reducing readmission risk in children remains challenging. Machine learning has
the potential to improve predictive power by identifying complex-nonlinear relationships within
datasets. Our objective was to assess whether machine learning can better identify readmission
risk in children hospitalized for common pediatric conditions. Using the Hospital Cost and
Utilization Project database, this prognostic study included pediatric hospital discharges access
non-federal hospitals in Florida from January 2016 through September 2017. Five machinelearning algorithms (random forest, naïve Bayes, support vector machines, adapting boosting,
neural networks) were compared with the traditional approach (logistic regression and all-cause
readmission) to predict 30-day unplanned readmission for two acute (appendicitis and pneumonia)
and three chronic (asthma, seizure, and sickle cell) conditions. The model’s performance was
measured by the area under the curve (AUC). Risk factors were identified using multivariate
regression techniques. The performance of the best model varied widely depending on the index
diagnosis, with average AUC ranges from 0.60 for appendicitis to 0.71 for pneumonia. Compared
with the logistic regression, machine-learning algorithms showed considerable improvement in
AUC for asthma, seizure, and pneumonia. Depending on the admission causes, factors such as
higher comorbidity score, readmissions history, post-acute discharge, race, and certain social
determinants of health factors were associated with increased risk of readmissions. Condition-
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specific machine-learning methods improved the readmission prediction in most pediatric
conditions. Significant risk factors varied widely by index diagnosis, indicating disease-specific
multifaceted intervention plans may help to reduce adverse pediatric outcomes. The complete
manuscript titled “Identifying Children at Readmission Risk: Cohort-specific versus all-cause
readmission prediction model”, under review in the Machine Learning with Applications Journal,
can be found in Appendix E.
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Chapter 5: Predicting Preventable Pediatric Hospital Visits and Revisits Under Medicaid
Managed Care Settings

5.1 Backgrounds
Emergency Departments (EDs) in the United States play a critical role in ensuring health
care needs for 365 million Americans. Any patient in the U.S. can receive treatment in EDs
regardless of their ability to pay due to legal mandate and treatment is available 24 hours
throughout the year, which defines ED primary safety net for many patients, especially for
vulnerable populations.31 According to the Centers for Disease Control and Prevention (CDC),
more than 145 million times patient received emergency care in 2016 at the U.S. hospital EDs with
an overwhelming 20.8% increment form from 120 million in 2006.32 Among those visits, more
than 30 million visits (20% of total visits) were for children and of which, only 3.4% resulted in
pediatric inpatient hospitalization while adult hospitalization rate is substantially higher of 19.74%.
The majority (in some states more than two-third, e.g., 68% in Florida State) of these pediatric ED
visits were covered by state-specific Medicaid programs and children's health insurance
coverage.33–35 Many children from minority races and ethnicity, public insurance, uninsured and
low-income status family depend on the ED for healthcare needs instead of a usual source of care.36
Although ED visits are necessary for treating critical patients such as injury and acute
conditions, a substantial proportion (~14%-66%) of the visits, particularly visits with low acuity
conditions may not need emergency care and can be treatable to other care settings.37 In addition
to lack of insurance coverage and after-hours care, there might be other reasons for this high ED
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utilization such as superior quality of treatments, delays in scheduling in primary care physicians
/specialist, patient belief about the seriousness of their conditions, and lack of available
information about other sources of treatment.38,39 Children with Medicaid coverage, historically
monitory race, and living in disadvantaged communities have significantly lower access to care
compared with commercial coverages and children living in metro areas. 40–42 Besides, the high
degree of pediatric care regionalization may also intensify the care access barrier, particularly in
rural areas.43,44 Consequently, the disproportionality in care access may result in the unprecedented
increase in ED utilization for patients with Medicaid insurance coverage, particularly children and
families living in disadvantaged communities.35,45
The increase in ED utilization hurting the overall U.S. healthcare systems with critical
problems such as ED overcrowding, longer boarding time, delay in receiving initial treatment,
lower patient satisfaction.34,46,47 Besides, the treatment cost in ED is substantially higher (average
treatment cost $600) than in urgent care (average cost $200) or care provided physician office
(average cost $100).48 The aggregate cost of outpatient ED visits comprises a substantial portion
(12.5%) of the US healthcare budgets with a total of $328.1 billion.49 Several studies reported that
almost nearly half of the total outpatient ED expenditures could be saved if patients with
preventable ED visits were treated in the alternative care setting.50,51 This large proportion of
preventable ED visits suggest systematic inadequate care management, disparities in access to
care, and uninformed choices from the patient's ends.52 In addition, lack of post-discharge followup and other complex social, and behavioral reasons, patients discharged from ED may potentially
return for non-emergent care, eventually become ED super-utilizers.45,53 ED super-utilizers are
only a few (4% of total unique patients), comprise more than 20% of the total ED visits and the
majority of these visits are potentially preventable.39,47,51 Children, particularly with Medicaid
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generally belong to the high ED utilization group and are often characterized with the high
frequency (17% return rete reported in one study) of ED return visits after Treat and release ED
treatment.52,54 Therefore, reducing preventable ED visits has become a major policy concern for
healthcare providers, public health officials, and state policymakers.34,55,56 Consequently, many
state Medicaid programs implemented or plan to implement quality metrics that track preventable
ED utilization and provide incentives or reduce payments to Managed Care Organizations (MCO)
with over threshold preventable ED visits utilization.57,58
5.1.1 Problem Definition
As the researchers gained extensive understanding of the sophisticated dynamics of ED
visits, different health care providers explored various interventions or programs to reduce
interventions to reduce ED use.59 Interventions implemented at EDs (e.g., follow up and case
management) and outside of ED (patient education, need-based assistance programs and improved
care access) were reported in prior studies to the risk of ED utilization with a various level of
effectiveness.60,61 Any successful ED utilization reduction programs generally require a
comprehensive array of both ED and outside ED interventions and the effectiveness of the program
depends on the right high-risk patient selection.60,61 With the wide adoption of electronic medical
records and health information exchange systems, ways to reduce preventable hospital ED visits
have focused on predictive analytics to identify high-risk patients.62,63 Preventable ED visits
prediction models potentially enable direct general or patient-specific interventions toward those
who might need most by identifying high-risk patients. Predicting preventable ED visits and superutilizers for the adult patient population has been the subject of substantial research and tackled by
diverse predictive approaches.62–65 However, preventable ED visits and revisit predictions for
children have received limited attention.61,63,66 Most studies in pediatric readmission are thus far
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limited to the examination of patient populations susceptible to high ED utilization and ED return
visits.33,66,67 Only one study thus far implemented a machine learning-based prediction model and
showed promise in predicting returning pediatric visits across Italian EDs.52 However, this study
has limited practical applicability in predicting US pediatric EDs visits, mainly due to the
difference in the healthcare system.
In the U.S., many particular healthcare systems such as Medicaid Managed Care
organizations, are responsible for proving healthcare for a group of distinct populations and can
make decisions using information such as patient-centered interventions that ensure better access
to care.68 Studies showed that effective ED utilization reduction programs should be aligned with
the healthcare organizational structure along with a comprehensive set of interventions.59
However, no studies thus far have developed a holistic and practical data-informed decision
support for predicting high-risk preventable pediatric ED visits under distant healthcare delivery
systems such as Medicaid Managed Care Organization (MCOs). Developing a comprehensive
framework under the MCOs that can identify preventable pediatric ED visits is critical for multifactorial reasons. First, the total number of Medicaid pediatric hospital visits has been increased
51% from the year 2006 to the year 2015 while ED visits for commercial payer has been decreased
by 28.2%.69 Second, nearly half of the children's ED visits are covered by Medicaid insurance and
more than 70% of those visits were covered by MCOs.69 Medicaid population generally comprised
of historically minority race and ethnic children living in disadvantaged conditions and associated
with substantially higher ED utilization. Therefore, an improved high-risk patient selection process
under MCOs setting could substantially reduce overall pediatric ED utilization and consequently
reduce healthcare expenditures. Third, due to the state-MCO contract and benefits structure, MCOs
are responsible for providing healthcare for a certain patient population through the capacitated
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payment system. Therefore, by identifying high-risk ED utilizers under MCOs setting, MCOs can
immediately implement interventions such as a need-based assistance program or increasing
access to primary care to reduce the need for subsequent ED visits. Therefore, it is crucial to
develop a holistic preventable pediatric ED visits risk prediction framework and machine learningbased models under MCOs settings, that can identify high-risk patients and can be coupled more
effectively with appropriate intervention programs, and ultimately improve quality of care.
5.1.2 Research Objectives
Our study hence aimed to develop prediction models that can better identify those children
that are at high risk of unplanned hospital ED visits and revisits after 30-days of hospital visits. In
this study, we propose a novel framework of ED visits prediction models at the timepoints when
MCOs generally receive information regarding patient’s information from providers or selfreported by the children’s parents. We hypothesized this framework and prediction models would
have pragmatic applicability for the MCOs covering children's healthcare and helped physicians
and providers improved patient selection for intervention planning, particularly for those targeting
social determinants of children's overall health.
5.2 Materials and Methods
5.2.1 Proposed Modeling Framework
We proposed a holistic framework of the high-risk patient selection process under
Medicaid managed care settings (Figure 1). Medicaid managed care organizations generally
receive capacitated payments from state Medicaid for a certain patient population and responsible
for providing health benefits and additional services to their beneficiaries. Since, MCOs are
sharing the majority of the financial risk by state contract design, managed care programs are
highly incentivized to reduce unwarranted costs (such as preventable ED visits and revisits) while
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improving the quality of care. Many states also implementing other MCO initiatives that focus on
improving care quality for the disadvantaged population through aligning payment incentives with
performance targets. Therefore, we based our proposed framework on preventable ED visits and
revisits prediction on the current MCO working hierarchy and exchange of information between
MCO and other healthcare providers, so that MCOs can identify high-risk patients and implement
appropriate intervention strategies to reduce the risk of ED utilization.

Figure 5.1: Preventable ED visits and revisits prediction model under managed care settings
Under the current Health information exchange framework, MCOs generally receive
patient information at three major points of beneficiary contact. MCO receives administrative
claim information (ICD codes) from hospitals right after enrolled beneficiaries received treatments
from hospital EDs (Treat and release ED) visits and treated in the hospital inpatient care setting
(Inpatient care visit). These two patient-provider encounters are particularly important since
MCOs can only receive detailed patient diagnoses and procedures during that timepoint. Besides,
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MCOs strongly motivate hospitals and other providers to include ICD SDH codes, so that highrisk patient groups can be identified since SDH variables significantly affect people's wellbeing
and hospital resource utilization. The MCOs can also receive information from another important
but often ignored timepoint of beneficiary enrollment. During the enrollment, beneficiary selfreported information including social determinants and prior hospital visits history can also be
used to predict high-risk ED users. Therefore, we proposed the pediatric ED visits and revisit
prediction model using patient information and available data for three major time points, (1)
preventable ED visit prediction model that used information available during beneficiary
enrollment (EN-PDR), (2) preventable ED revisit prediction model that uses data available at the
time of hospital treatment and Release ED visits or transferring to another acute care hospitals
(ED-PDR), (3) preventable ED revisit prediction model that uses data available at the time of
inpatient hospital discharges (IP-PDR).
5.2.2 Study Design, Data Source, and Participants
We conducted a retrospective observational study of pediatric hospital visits from January
1, 2016, to September 30, 2017, across all Florida’s hospitals, using the Hospital Cost and
Utilization Project (HCUP) all-payer State ED (SED) visit and State Inpatient Databases (SID).
The SED and SID database is an administrative all-payer database including the uninsured, which
is maintained and certified by the Agency for Health Care Research and Quality (AHRQ). The
HCUP Florida SID and SED data contain patient-level information on demographic
characteristics, insurance status, and International Classification of Diseases, 10th Revision,
Clinical Modification (ICD-10-CM) diagnosis and procedure codes, patient location, and hospital
charges of all ED and ED-admitted inpatient visits from 265 acute care hospitals in the 67 counties
in Florida. Data on admitting hospital information were obtained from the American Hospital
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Association (AHA) annual survey. Data on hospitals, including geo-locations, were obtained from
the American Hospital Association hospital guide. Data on community-level health determinants
were derived from the American Community Survey (ACS) by linking patient ZIP codes through
Uniform Data System (UDS) Mapper crosswalk.70 We excluded all adult patients (>18), residential
addresses outside Florida, discharges against medical advice (AMA), and cases of in-hospital
mortality from the dataset. HCUP databases are considered limited datasets as determined by the
local Institutional Review Board and therefore institutional review board review approval is not
required for this project.
5.2.3 Outcome Measures
The primary outcome was preventable ED visits and preventable ED revisits within 30
days following Treat-and-release ED and inpatient care discharge. Preventable ED visits were
classified using the NYU-ED Billing Algorithm developed by the New York University Center
for Health and Public Service Research.71 This previously validated algorithm assigns probabilities
to each ED visit as (1) emergent-not preventable/avoidable, (2) emergent but preventable or
avoidable, (3) emergent but primary care treatable, and (4) non-emergent.72,73 We assigned each
ED visit to the potentially preventable category if the combined assigned probability for categories
(3) non-emergent and (4) emergent but primary care treatable is greater than 50%.74,75 An 30-days
ED revisits are defined as the treatment and release of ED utilization for any unplanned or
preventable causes occurring within 30 days of index ED or inpatient care discharge. Unplanned
or preventable causes for ED revisits were identified with the similar approach above using NYUED Billing Algorithm. Only the first ED revisits within 30 days were considered and subsequent
encounters after 30 days from discharge were identified as another index ED counterturns.
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5.2.4 Predictor Variables
Predictors for the three preventable ED utilization prediction model models, at managed
care beneficiary enrollment point (EN-PDR), after Treat-and-release ED encounter (ED-PDR),
and at-inpatient care discharge prediction model (IP-PDR) were included based on the availability
of the information at that certain time point of care (Table 5.1). EN-PDR models included patient
demographics, socioeconomic status, provider density, prior hospital visit history, and communitylevel social determinants of health. ED-PDR models all variables included in the EN-PDR model,
diagnosis and procedures presented at the time Treat-and-Release ED visits, discharge disposition,
and vising hospitals information. Finally, ED revisits prediction models (IP-PDR) after inpatient
discharge included all variables included in the ED-PDR model, inpatient diagnosis, procedures,
discharge disposition, inpatient care duration, and admitting hospital's detailed information.
Table 5.1: Predictor variables for the three pediatric readmission prediction models
Variable Type

Prediction model
before admission
(PT-PDR)

Prediction model at
admission
(AD-PDR)

Prediction model at
Hospital discharge
(DS-PDR)

Demographics

X

X

X

Socioeconomic status

X

X

X

Provider density

X

X

X

History of hospital visits

X

X

X

Community-level social
determinants of health
Individual-level social
determinants of health
Diagnosis at admission

X

X

X

X

X

X

X

Hospital characteristics

X

X

Hospital travel distance

X

X

Diagnosis during hospitalization

X

Hospital procedures

X

Discharge planning

X

Hospital length of stay

X
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Demographic characteristics for each hospital visit included age (0-1, 1–5, 5–10, 11–14,
14–17 years), gender, race, and ethnicity (non-Hispanic white, non-Hispanic Black, Hispanic, and
others). Community-level social determinants of health were used as proxy measures of patient
socioeconomic conditions. The history of the patient's hospital visits was also included in our
analysis. Provider density was considered as binary variables (high/low), low provider density is
considered for if patients live in the designated medically underserved area (MUA) and counties.
Designated MUA status was determined using the U.S. Health Resources and Services
Administration (HRSA) classification.76 Social determinants of health (SDH) variables considered
in our study were the percentage of people with an income below 100% federal poverty level
(FPL), the percentage of homes with no vehicles, the percentage of people with no high school
diploma, and the Percentage of the unemployed person. These community-level SDH variables
affected hospital visit behaviors reported in prior studies and included in our study at the ZIP code
tabulation area (ZCTA) level, a generalized area representation of the ZIP codes used by the U.S.
Census.77 These predictor variables were used in developing the preventable ED visits risk
prediction during the MCO enrollment (EN-PDR) model.
Hospital-level covariates are children’s hospital status, location (metropolitan, and
micro/rural), ownership status (for-profit and non-profit/government), and hospital bed size (large,
medium, and small). Travel distances between patients’ residences and discharge hospitals were
calculated by geocoding using geographical information software (ArcGIS 10; Ersi Inc., Redlands,
CA, USA). The hospital locations were geocoded based on the street addresses and patients’ homes
into geographic coordinates of home zip code geometric centroids.44,78 Individual-level SDH
variable was a binary variable indicating potential health hazards related to children's family
conditions (e.g., housing and parent instability). The other patient characteristics were the day of
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the week (weekend versus weekday), and ED discharge planning (routine, post-acute facility, and
home health care), and referral by the physician. Post-acute facilities in our study were defined if
the patient was discharged/ transferred to a skilled nursing, intermediate care, and another type of
facility (e.g., Rehabilitation). Race and ethnicity were included in our study since that has been
significantly associated with the differences in hospital care-seeking behavior.79
Table 5.2: Modeling parameters for machine learning algorithms
Method
Logistic regression
Naïve Bayes

Support Vector Machines
with Polynomial Kernel
Multilayer Perceptron
Neural Network

Adapting Boosting
Random Forest

Modeling
parameter
None
Laplace
Usekernel
Adjust
Degree
Scale
Cost
Layer 1
Layer 2
Layer 3
Decay
nIter
method
Mtry
Tree

Note

Amount of Laplace smoothing = {0,0. 25..., 5.00}
Type of density estimation = {Gaussian, kernel}
Bandwidth of the kernel density = {0, 1…,5}
Polynomial Degree = {0, 1….,5}
Logical vector indicating variable to be scaled= {T, F}
Controls model overfitting = {0.25,0. 50….,5.00}
Number of hidden units layer1= {1,2….,10}
Number of hidden units layer2= {0,1,2….,10}
Number of hidden units layer3= {0,1,2….,10}
Regularization parameter weight decay= {0,10-1…, 10-4}
Number of classifiers tree= {0, 1….,50}
Type of Adapting Boosting = {Real AdaBoost, AdaBoost.M1)
Number of randomly selected predictors = {1, 2…,12,17}
Number of trees, fixed to 1000

The ICD-10-CM primary diagnosis and procedures codes are used to characterize hospital
visits by patient disease complexity. Patient complexity for each visit was divided using previously
developed 3-tiered categorical variables of no chronic condition, noncomplex chronic condition,
and complex chronic condition (CCC).80–82 Patients with CCC were identified using a previously
validated approach as any medical condition expected to last at least 12 months with multiorgan
or severe single-organ involvement necessitating pediatric subspecialty care.81 For those without
a CCC, we then categorized patients with no chronic condition and noncomplex chronic condition
using the Agency for Healthcare Research and Quality’s (AHRQ) Chronic Condition Indicator.80
ED-PDR prediction models included all variables discussed above and variables included in the
EN-PDR model. For the ED revisit prediction models (IP-PDR) after inpatient discharge,
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comorbidity conditions measures were extracted from 30 ICD-10CM inpatient diagnoses and
procedures. The IP-PDR model included all variables included in the ED-PDR model and length
of inpatient stay (0–3, 3–8, and ≥ 8 days).
5.2.5 Modeling and Analysis
All hospital visits were categized into three groups, for developing at enrollment
preventable ED visit prediction model, preventable ED revisits after outpatient ED encounters and
preventable ED revisit after inpatient care. The patient cohort for EN-PDR models was selected
for single ED visits before 18 years and first visits for multiple ED and Inpatient care visits. EDPDR and IP-PDR patient cohorts were identified for ED and inpatient care visits that resulted in
ED visits within 30 days of the discharge. The overall missing data rate was <0.5%, which we
imputed using multiple stochastic chained equations.83 Multicollinearity between candidate
variables was also assessed using the variance inflation factor analysis.84 We used a repeated fivefold cross-validation process to evaluate the performance of the prediction model (Figure 2). First,
each disease cohort's entire dataset was divided into 5 equal cross-validation folds for the repeated
cross-validation process. For each cross-validation repetition, each fold is alternatively used as the
test dataset while training our predictors on the other remaining folds. Hyperparameter tuning for
each fold was also conducted during model training to further optimize the model performance.
The Hyperparameter of each technique was optimized through a grid search with 10 repeated 5fold cross-validation iterations. While training, we also explored the issues with class imbalanced
problems by using the Synthetic Minority Over-sampling Technique (SMOTE) on the training
dataset.85. We repeated the cross-validation process 50 times on each cohort dataset to obtain the
average performance of each learning model.
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Predictive models were developed using both classical and ensemble machine-learning
algorithms for each model. For traditional methods, we applied logistic regression (LR) with
backward stepwise selection, Naïve Bayes (NB), Support Vector machines (SVM) with the
polynomial kernel, feed-forward Multilayer Perceptron neural network (MPNN) algorithms. For
the ensemble methods, we used Adapting Boosting (AdaBoost) and Random Forest (RF)
algorithms for preventable ED visits and revisits prediction modeling. Details of model
development and hyperparameters are available in Table 5.2. The area under the receiver operating
characteristics (ROC) curve (AUC) was used to evaluate the performance of each prediction
model. We also identified significant risk factors using multivariate logistic regression for all three
models. Effect sized was interpreted as odd ratios with a 95% confidence interval. All statistical
analyses were performed using R studio, and a two-sided p-value less than 0.05 was considered
statistically significant.
5.3 Results
The analysis included 1,683,385 hospital visits by 856,704 children from January 1, 2016,
to September 30, 2017, of which 1595151 were Treat-and-release ED encounters and 88234 were
hospital inpatient care. Among these hospital ED visits, an overwhelming 608,851 of them (51.7
% of total) were found potentially preventable. Including only Florida residents and Medicaid
managed care coverage, the total number of Treat-and-release visits and inpatient hospitalization
were 1,124,086 and 50389, respectively, which represent overall 66.7 % of total pediatric hospital
visits. Out of these Medicaid-covered ED visits, the total number of first-time ED visits was 556,
329 which are included in our EN-PDR patient cohorts. The total number of preventable ED visit
rates in this EN-PDR cohort was 310266 (55.7%) and slightly higher (P< 0.01) than over
preventable ED visits rates. The ED-PDR patient cohorts included 1,045,073 index Treat-and-
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release ED visits. Among them, 89,905 (8.65%) were found potentially preventable ED return
visits that occurred within 30 days of initial ED discharges. Consequently, out of 50,389 inpatient
discharges covered by Medicaid, a substantial proportion (4.2%) of children returned to the ED
with conditions that could be preventable through other care settings. Therefore, the EN-PDR,
ED-PDR, and IP-PDR cohorts included in total 1124086, 556 329, and 50389 hospital visits.
Table 5.3: AUC performance comparison of the predictive models
Machine learning Algorithms

Prediction during MCO
enrollment
(EN-PDR)
(AUC, 95% CI)

Prediction after ED
discharge
(ED-PDR)
(AUC, 95% CI)

Prediction after
inpatient discharge
(IP-PDR)
(AUC, 95% CI)

Support Vector Machines with
Polynomial Kernel

0.58
(0.56-0.62)

0.71
(0.68-0.73)

0.70
(0.68-0.72)

Logistic regression

0.59
(0.55-0.64)

0.69
(0.67-0.71)

0.72
(0.70-0.74)

Adapting Boosting

0.55
(0.52-0.58)

0.65
(0.61-0.69)

0.65
(0.63-0.67)

Random Forest

0.57
(0.55-0.59)

0.68
(0.66-0.71)

0.69
(0.66-0.72)

Naïve Bayes

0.54
(0.52-0.56)

0.65
(0.61-0.69)

0.66
(0.62-0.69)

Multilayer Perceptron Neural
Network

0.57
(0.54-0.60)

0.66
(0.63-0.69)

0.67
(0.64-0.70)

5.3.1 Economic Impact
The total hospital charges for pediatric Treat-and-Release ED visits were $4.1 billion with
an average of $2665 per pediatric ED visit. Among the total hospital charges, a substantial
proportion of $2.7 billion charges (average cost $2541) were for Medicaid managed care ED visits.
The average hospital charge for potentially preventable pediatric ED visits was $2325, and total
preventable ED visits related to hospital charges were $1.9 billion for the combined study period
($ 1.1 billion in 2016). The total preventable ED visit charges covered by various MCO programs
in Florida state was $1.35 billion (average $2234 ) from January 1, 2016, to September 30, 2017.
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Particularly, in 2016 the total annual total hospital charges for Medicaid preventable ED visits
were $800 million for Florida residents.
5.3.2 Prediction Performance Comparison
Table 5.3 summarizes the comparative performance of six machine learning algorithms for
three different prediction models. LR and SVM with Polynomial Kernel ranked top two compared
to the other algorithms for all three prediction models. Conversely, the AdaBoost and MPNN
models did not rank the top three for any prediction model. LR models outperformed all other
algorithms for EN-PDR and IN-PDR models, while the SVM with polynomial kernel model
outperforms other algorithms for ED-PDR models. The performance of the preventable ED revisits
prediction model after inpatient care discharge (IP-PDR) was slightly higher with the after Treatand-release ED discharge (DS-PDR) model for all algorithms, except for the SVM algorithm. For
the EN-PDR models, the average AUC and 95% confidence interval (CI) for the SVM, LR, AB,
NB and MPNN models were 0.58 (0.56-0.62), 0.59 (0.55-0.64), 0.55 (0.52-0.58), 0.57 (0.55-0.59),
0.54 (0.52-0.56) and 0.57 (0.54-0.60) , respectively. The average AUC and 95% CI for ED-PDR
models for for the SVM, LR, AB, NB and MPNN models were 0.71 (0.68-0.73), 0.69 (0.67-0.71),
0.65 (0.61-0.69), 0.68(0.66-0.71), 0.65 (0.61-0.69) and 0.66 (0.63-0.69), respectively. Finally, the
average performance above mention six algorithms for IP-PDR models were 0.70 (0.68-0.72), 0.72
(0.70-0.74), 0.65 (0.63-0.67), 0.69 (0.66-0.72), 0.66 (0.62-0.69) and 0.67 (0.64-0.70), respectively.
5.3.4 Factors Associated with Preventable ED Visits and Revisits
Results from multivariate regression analyses for all three model cohorts are shown in
Table 5.4. Significant Factors associated with the increased preventable visit and revisit risk were
almost similar with few exceptions across different cohorts and were mostly related to patients’
demographics, SDHs, clinical factors, and hospital characteristics. The history of prior hospital
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ED visits was found significant across all patient cohorts. More than three prior hospital visits
were associated with a higher likelihood of revisits in the IP-PDR cohort than in EN-PDR and EDPDR models. Children living in low healthcare provider density were found with higher
preventable ED visits risk for all three prediction models than high-density areas. Gender was
found significant in ED-PDR and EN-PDR cohorts, with a higher likelihood of ED visits for
female patients. Age also found significant factors in all cohorts and children aged 8 to 12, and
adolescent children were significantly associated with increased ED visits and revisits risk.
Furthermore, Non-Hispanic African American and Hispanic children have higher odds of
preventable ED visits than non-Hispanic white children.
Children living closer to index hospitals and those who were admitted to children’s
hospitals were less likely to be returned to ED care compared with adult hospitals and living far
from the hospitals. Discharges to post-acute facilities have higher odds of being returned to the ED
care than routine discharge in both patients discharged from ED and inpatient care. The presence
of complex and non-complex chronic conditions were also significant predictions of preventable
ED return visits. For the IP-PDR patient cohort, the length of stay was identified as significant and
the longer patient has stayed in the hospitals, the higher the likelihood of returning to ED within
30 days of index discharge. Social determinants were also found significant in regression analysis
and varied widely across the three models. Children living with challenging family conditions and
in disadvantaged neighborhood neighborhoods were associated with an increased risk of
preventable ED care for both ED-PDR and IN-PDR models. Living within poor neighborhoods
with a higher percentage of unemployed persons were associated with a higher likelihood of ED
visit for ED-PDR and EN-PDR models. Similarly, children living in communities with fewer high
school diplomas were found significant for the IP-PDR models. After regular hours treat-and-
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release ED visits were associated with higher ED return risk than regular office hour visits.
However, days of the hospital visits were not found significant for ED-PDR and IP-PDR models.
Table 5.4: Significant factors associated with preventable ED visits and revisits prediction
Variable

Age (y)
0-5
5-8

Prediction during enrollment
(EN-PDR)
Odds ratio (95% CI)

1 [Reference]
1.01 (0.91-1.12), p = 0.54

Prediction after ED
discharge
(ED-PDR)
Odds ratio (95% CI)

Prediction after inpatient
discharge
IP-PDR
Odds ratio (95% CI)

1 [Reference]
0.98 (0.94-1.02), p =0.24

1 [Reference]
1.25 (1.18-1.33), p < 0.01

8-12
1.52 (1.08-2.22), p < 0.01
1.20 (1.16-1.24), p =0.01
12-17
1.37 (1.31-1.43), p < 0.01
1.31 (1.28-1.34), p < 0.01
Gender
Male
1 [Reference]
1 [Reference]
Female
1.16 (1.03-1.25), p < 0.01
1.09 (1.06-1.12), p < 0.01
Race/Ethnicity
Non-Hispanic
1 [Reference]
1 [Reference]
White
Non-Hispanic
1.50 (1.41-1.61), p < 0.01
1.23 (1.19-1.27), p < 0.01
African
American
Hispanic
1.25 (1.16-1.34), p <0.01
1.16 (1.13-1.20), p < 0.01
Others
1.05 (0.96-1.14), p= 0.12
0.99 (0.95-1.03), p < 0.01
Provider density
High
1 [Reference]
1 [Reference]
Low
1.28 (1.16-1.36), p < 0.01
1.20 (1.17-1.23), p < 0.01
History of ED visits
0-1
1 [Reference]
1 [Reference]
1-3
1.23 (1.14-1.32), p < 0.01
1.09 (1.04-1.16), p = 0.85
>3
1.65 (1.49-1.79), p < 0.01
1.76 (1.35-2.25), p = 0.02
% of people with an income below 100% federal poverty level
1% increment
1.07 (1.03-1.10), p = 0.03
1.06 (1.01-1.11), p = 0.01
% of homes with no vehicles
1% increment
1.01 (0.97-1.05), p = 0.54
0.99 (0.94-1.04), p = 0.46
Percentage of the unemployed person
1% increment
1.06 (1.01-1.11), p < 0.01
1.09 (1.04-1.15), p < 0.01
Percentage of people with no high school diploma
1% increment
1.02 (0.97-1.07), p = 0.29
1.03 (0.98-1.08), p = 0.17
Potential health hazards related to family conditions
1% increment
1.06 (1.01-1.12), p =0.04
Hospital travel distance
<20 miles
1 [Reference]
1.78 (1.55-1.93), p < 0.01
≥ 20 miles

1.14 (1.08-1.20), p = 0.01
1.57 (1.41-1.69), p < 0.01
1 [Reference]
0.98 (0.95-1.03), p = 0.23
1 [Reference]
1.18 (1.12-1.26), p < 0.01

1.04 (0.99-1.09), p = 0.11
1.03 (0.99-1.08), p = 0.07
1 [Reference]
1.23 (1.19-1.28), p < 0.01
1 [Reference]
1.89 (1.76-2.11), p < 0.01
2.40 (2.15-2.65), p < 0.01
0.99 (0.96-1.03), p = 0.61
0.98 (0.93-1.06), p = 0.66
0.99 (0.95-1.04), p = 0.85
1.03 (1.01-1.06), p = 0.01
1.05 (1.01-1.09), p = 0.02
1 [Reference]
1.58 (1.45-1.73), p < 0.01
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Table 5.4 (Continued)
ED visit time
8 am – 6 pm
6 pm – 8 am
Hospital visit days
Weekdays
Weekends
Physician Referral
No
Yes
Discharge Disposition
Routine
discharge
Post-acute care
Home-health care
Hospital ownership
Public /nonprofit
For-profit
Hospital Size
Large
Medium
Small
Hospital type
Adult
Children
Hospital location
Rural/micro
Rural/micro
Chronic condition
Nonchronic
Non-complex
Complex chronic
Inpatient stays
0-3 days
3-7 days
>7 days

-

1 [Reference]
0.91 (0.84-0.97), p < 0.01

-

1 [Reference]
1.02 (0.96-1.06), p = 0.31

1 [Reference]
1.06 (1.00-1.12), p = 0.06

-

1 [Reference]
1.01 (0.97-1.05), p = 0.19

1 [Reference]
0.95 (0.91-0.99), p = 0.01

-

1 [Reference]

1 [Reference]

-

3.21 (2.54-4.02), p < 0.01
0.98 (0.95-1.03), p = 0.58

2.21 (1.78-2.67), p < 0.01
0.84 (0.71-0.87), p < 0.01

-

1 [Reference]

1 [Reference]

-

0.96 (0.91-1.01), p = 0.11

0.89 (0.85-0.96), p < 0.01

-

1 [Reference]
0.92 (0.86-0.98), p = 0.02
0.98 (0.94-1.02), p = 0.25

1 [Reference]
0.96 (0.91-1.03), p = 0.76
0.81 (0.76-0.87), p < 0.01

-

1 [Reference]
0.41 (0.36-0.47), p < 0.01

1 [Reference]
0.63 (0.55-0.68), p < 0.01

-

1 [Reference]
1.02 (0.96-1.06), p = 0.49

1 [Reference]
1.01 (0.97-1.05), p = 0.46

-

1 [Reference]
1.48 (1.39-1.57), p < 0.01
1.85 (1.75-1.95), p < 0.01

1 [Reference]
1.55 (1.46-1.61), p < 0.01
2.10 (1.87-2.36), p < 0.01

-

-

-

1 [Reference]
1.36 (1.28-1.44), p < 0.01
2.14 (2.02-2.26), p <0.01

5.4 Discussion
Using State of Florida hospital data, our study has three major contributions. First, we
proposed a holistic framework of preventable ED visit predictions under managed care settings
and, therefore developed and compared several variants of machine-learning-based predictive
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models for three prediction models that can improve the overall high-risk patient selection process.
Second, we found a substantial proportion of over 50% of the total ED visits that are
preventable/avoidable in other care settings. The 30-days preventable pediatric ED revisits rates
after Treat-and-Release ED discharge and inpatient care were. The total yearly hospital charges
for potentially preventable pediatric ED visits is $1.1 billion, of which $800 million charges for
Medicaid managed care covered ED visits. Third, factors associated with the Medicaid preventable
ED visits were older age, being discharged to a post-acute facility, hospitalized in non-children’s
hospitals, presence of complex chronic conditions, longer hospital distance, and living in the
historically poor and disadvantaged communities. Therefore, this study comprehensively
highlights managed care program's potential to reduce avoidable pediatric ED visits through
comprehensive machine learning-based predictive models and provides important insights
regarding the influencing factors of preventable ED visits and economic impact in the Florida State
Medicaid program.
In this large multicenter study across 265 Florida hospitals, our developed preventable ED
visits prediction models showed moderate prediction performance except for the EN-PDR model.
To our knowledge, this is the first study to develop and apply machine-learning algorithms to
predict preventable ED visits for three prediction timepoint models under MCO settings. In terms
of predictive power, the EN-PDR and IP-PDR models we developed showed comparable results
with other published works.52,86–89 However, most of these models considered either adult 30-days
ED all-payer revisits or focused on all aged frequent/super ED utilizers and in other country’s ED
settings, these factors possibly obstruct an equivalent comparison of these models to our proposed
models.52,86,87,90 The lower performance of our proposed EN-PDR model than other models is
likely related to the limited available information during MCO enrollments and similar AUC
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performance was reported in the adult ED visits to model using only patient information. 87
Consequently, the IP-PDR ED revisits model in our study showed slightly higher discrimination
compared with ED-PDR models and suggests the availability of more detailed diagnosis and other
information during inpatient hospitalization. During an administrative claim process, only ten
diagnoses were reported during ED visits, while thirty diagnoses were reported for inpatient care
discharge claims.91,92
The overall preventable ED visits rate, ED revisit rates after Treat-and-release ED
discharge we found in Florida residents was slightly higher than the prior single-center, dedicated
pediatric, and multicenter studies of the published literature to date.33,52,54,60,66,67,93 This higher
preventable ED visits and revisits reported in our study can be explained by multifactorial causes;
(1) inclusion of only Medicaid patient population with prior studies, 52,86–89 (2) a higher percentage
of non-Hispanic and African American children, (3) a higher degree of pediatric regionalization
in Florida compared with other states.94 Consequently, we found increased readmission risk
associated with African American and Hispanic children similar to prior studies.40,41,95 Children
with historically disadvantaged attributes are less likely to have access to primary care or other
health care provider that could help to maintain children's health after ED or inpatient care
discharge.96,97 The language barrier may contribute to poorer healthcare access and adverse health
outcomes for Hispanic/ Latino children particularly those living in households with limited English
proficiency.98,99 Consequently, parent’s health literacy substantially affects children's ED
utilization, and health literacy among the minority raced population is comparably lower than other
races and commercially insured patient population.93,100,101 Besides, a significant association
between community-level SDHs (e.g., poor neighborhood and employment rate) and increased
risk of preventable ED visits suggests systemic disparities due to socioeconomic inequality.102,103
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Moreover, increased likelihood of readmission with children living with longer travel distances
and children in underserved communities suggest residents in these areas may have limited access
to pediatric care due to geographical location.104,105 Unequal access to health services and quality
care is likely to impact children’s overall well-being and development health, consequently,
increase the occurrence of unwanted health outcomes (e.g. repeated ED visits). Interventions
addressing social health determinants and disparities in pediatric care access under MCO setting
such as need-based assistance programs, promoting health literacy, early childhood screening, and
community-based care can help to reduce overdependence and, thus contribute to reducing
unwanted healthcare expenditures.33,59–61,106
Our study offers critical insights into the frequency and economic impact of preventable
ED visits and suggests opportunities for Medicaid and private managed care organizations through
improved high-risk patient selection and implementing comprehensive interventions. One of the
potential areas of interventions could be post-acute care discharges and target pediatric care
continuity after a hospital visit. In the study, we found a significant association of history of ED
visits, complex chronic condition, and non-acute post-discharge with increased risk of
readmission, which is consistent with previous investigations.33 The higher likelihood of
preventable ED visits associated with these factors suggests an unresolved system issue care
transition complications resulting from fragmented care.107,108 Children with complex chronic
conditions often require a heightened complexity of discharge care planning between an array of
healthcare providers.109,110 High-quality discharge planning including timely communication and
telehealth service for low acuity conditions can reduce the utilization of avoidable ED care.111,112
Similarity, Thorough detailed understanding of hospital visits pattern, MCO should implement
strategies to engage certain patients through alternative care settings such as Telehealth and home
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health care initiative.113,114 Florida MCOs have broad flexibility to cover services delivered via
telehealth and set their requirements and therefore, the findings of our study could help MCOs to
design appropriate alternative care settings supporting the vulnerable populations by providing the
care they need.68,115 Finally, Public health authorities should also take initiatives to enhance
primary care capacity and provide additional resource and guidance to motivate children to receive
care in a suitable primary care setting for low acuity conditions.116
This study has several common limitations, most of which are related to a retrospective
analysis of administrative claim databases. First, the HCUP database is an administrative claim
dataset that uses ICD codes to classify patients’ medical diagnoses, procedures, and outcomes. The
possibility of coding inaccuracy or incorrect information cannot be dismissed. Second, although
our study makes a significant contribution through developing a preventable ED prediction model
under Florida state MCO settings, the findings of this study may not be generalizable to other U.S.
state or private MCO. Third, our study was not able to include all Medicaid enrolled beneficiaries’
information due to data limitations, including these beneficiaries in the EN-PDR model might
improve prediction performance. Fourth, we only considered ED revisits for different insurance
payers after the ED and inpatient care covered by Medicaid managed care. However, the
proportion of heterogeneous insured ED revisit was expected to be low compared with the same
insurance ED revisit. Fifth, our research did not include information regarding the parent health
literacy, and post-acute care quality, thus, including these factors may have marginally improved
prediction performance. Finally, the HCUP dataset does not include the exact amount hospital
received from public and private insurance providers, which may overestimate financial
implications for the hospitals.
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Chapter 6: A Multi-State Decomposition Analysis of Cesarean Rate Variations, Associated
Outcomes, And Financial Implications in the United States

Cesarean rates vary widely across the United States (U.S.) states; however, little is known
about the causes and implications associated with these variations. The rationale for this study is
that an improved understanding of the realities of existing differences in intrastate cesarean rates
and associated outcomes is crucial to state policymakers for developing new action plans or
restructuring state Medicaid programs with a goal of more comprehensively meeting public health
needs. Hence, the objectives of this study were to quantify the contribution that patient and hospital
characteristics in explaining the differences across states and investigate the adverse health and
economic implications of cesarean variations. Using the Hospital Cost and Utilization Project State
Inpatient Databases, this retrospective study included all non-federal hospital births from
Wisconsin, Florida, and New York. The risk factors for cesarean delivery were identified using
multivariable logistic regression analysis. A non-linear extension of the Oaxaca-Blinder method
was used to decompose the contributions of differences in characteristics to cesarean variations
between these states. Multivariable linear regression with hospital random factors and robust
standard errors were used to determine differences in outcomes associated with these cesarean
variations. Overall (46.57–65.45%) of the variation between states could be explained by the
variables, and major contributors were patient demographics, previous cesareans, hospital markup
ratios, and social determinants of health. Cesarean delivery was significantly associated with
higher postpartum readmissions and unplanned emergency department visits, greater lengths of

37

stay, and hospital costs across all states. Cesarean variations resulted in differences in adverse
postnatal outcomes even after adjusting for risk factors and modes of delivery. Although a
proportion of variations in cesarean rates can reasonably be expected given the differences in risk
factors, the remaining unexplained variations suggest differences in practice patterns and imply
potential quality concerns. Since non-clinical factors are likely to play an important role in
cesarean variation, we recommend targeted initiatives increasing access to maternal care and
improving maternal health literacy. The complete manuscript titled “A multi-state decomposition
analysis of cesarean rate variations, associated health outcomes, and financial implications in the
United States”, under review in the American Journal of Perinatology, which can be found in
Appendix F.
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Chapter 7: Estimating Impacts of the Florida Mandatory Managed Care (SMMC)
Program in Pediatric and Maternal Care Outcomes

7.1 Backgrounds
7.1.1 A Brief History of Managed Care Program
Medicaid in the United States plays a critical role in ensuring health care needs for the 78
million Americans with limited income and resources.14 Medicaid healthcare programs, is usually
joint funded through federal and state budgets, provides healthcare coverage, and helps with
healthcare expense for low-income family’s children, maternal care, and people with certain
disabilities.117 The federal government generally sets certain minimum eligibility criteria for
Medicaid enrollment. However, Each U.S. state also has the flexibility to lower the eligibility limit
and allocate scarce resources to populations more in need.118 Medicaid healthcare expenditures
constitute a substantial proportion of the total federal and state budget. In 2018, total Medicaid
spending $616 billion (9% of the total federal budget), of which $96 billion and $34 billion were
incurred for children and maternal healthcare.15 In 2018, more than 35.3% of total US children
were covered by Medicaid and children's health insurance program.119,120 Similarity, state-run
Medicaid insurance programs finance nearly 50% of all U.S. births and post-natal care.121
Although Medicaid comprises a substantial proportion of healthcare expenditures and is
expected to increase by almost 6.2% per year, the overall health and wellbeing of the Medicaid
beneficiaries have not improved significantly.15,17 Medicaid beneficiaries have higher rates of
hospital usages (e.g., higher ED visits and readmission rates), higher mortality, and longer hospital
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stays than commercial insurance. Furthermore, Medicaid beneficiaries expected substantial racial
and ethnic disparities in access to care (timely primary/specialist/OB-GYN care), preventive (e.g.,
pediatric well-care visits and care experiences), and care experience.18–22 Therefore, the pressure
from increasing healthcare expenditure on the state budget and concern about care quality, many
States showed significant interest in managed care programs for the Medicaid population during
the last decades.7 Public managed care plans started in the US around in the 1970s under the name
of health maintenance organization (HMO) and received its momentum owing to the two bills
Balanced Budget Act of 1997 and ACA act of 2010.7,122,123 Balanced Budget Act expanded the
state Medicaid’s authority to sought bids form an organization in managing the health of the
beneficiaries, while ACA drives the momentum though increasing Medicaid enrollment from the
expansion. Consequently, the total percentage of Medicaid managed care enrollee has gone up
from 15 percent in 1995 to 69% in 2018.22,30,118,124 According to Kaiser founder 2019 reports, 40
states used capitated managed care programs to provide healthcare service to the Medicaid
beneficiaries. Besides, more than 75% of total Medicaid beneficiaries were enrolled in mandatory
managed care programs and this is expected to grow in the future.14
7.1.2 Structures of Managed Care Organization
Medicaid managed care organizations (MCO) usually receive capacitated payments from
State Medicaid for a certain patient population and responsible for providing health benefits and
additional services to their beneficiaries.29,30 Since, MCOs are sharing most of the financial risk
by state-MCO contract and benefits structure, managed care programs are highly incentivized to
reduce unwarranted costs such as preventable ED visits, revisits, readmission, and medically
unnecessary cesareans while improving the quality of care. MCOs have broad flexibility to cover
services delivered via various care settings and generally set their requirements and therefore,
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MCOs can immediately implement interventions such as a need-based assistance program or
increasing access to primary care to reduce the risk for subsequent adverse health events. Hence,
many U.S. states also implementing other MCO initiatives that focus on improving care quality
for the disadvantaged population through aligning payment incentives with performance targets.
7.1.3 Mandatory Managed Care in Florida
Florida is the third populous US state with varied rural-urban geographical areas,
characterized by the large diverse children population (58.5 % children of color and 31.8% children
with Hispanic), higher uninsured and Medicaid coverages, high pediatric care regionalization, and
bottom quantile ranking on health indicators.94,125,126 The Florida State has almost 30 years of
experience with managed care in managing health benefits across its Medicaid population. In 1990,
Florida started its first non-risk-based case management care program named MediPass program
and, consequently began a pilot risk-based managed care program in 2006 for two counties .127,128
These programs led to significantly lower per capita healthcare expenditures for the enrollees than
the other Medicaid programs.127,128 These promising results in two Florida counties boost overall
interest to enroll more vulnerable Medicaid populations through managed care programs across all
Florida counties. Consequently, Florida State Legislature passed mandated managed care
legislation in 2011 to control overall Medicaid healthcare expenditure and improve quality of care
and received federal waiver approval in 2013. Finally, in April 2014 Florida state started to
implement mandatory managed care for Medicaid beneficiaries through Statewide Medicaid
Managed Care (SMMC) program.129 most Medicaid eligible beneficiaries including low-income
families and their children, dual Medicaid-Medicare eligible enrollees, and people with certain
disabilities are required to participate in managed care programs to receive full benefits.129 The
exempt groups from managed care enrollment are women with certain primary care services ( e.g.,

41

family planning and cancer screening), emergency Medicaid for non-American citizens, and
children care in pediatric extended care centers.129 After the implementation SMMC program, the
managed care penetration rate experienced a stable growth to 81.8 % in December 2018 from 47%
from September 2014.130,131
7.1.4 Research Problem and Objectives
Due to the capitulated and performance-based state contract, Medicaid managed care
programs have the incentives to provide beneficiaries to improve care access to care and address
health determinants and therefore reduce costly unwarranted health events adverse health events
and thus control the overall healthcare plan expenditures. Prior studies reported enhanced access
to preventive and primary care and reduction of services such as preventable ED visits and
inpatient hospitalization.132–137 Studies also reported a large reduction in preventable
hospitalization and inpatient care related to ambulatory care sensitive conditions in Florida and
California managed care populations.7,132,133 In addition, Medicaid managed care was also found
effective in reducing ED utilization, particularly reducing racial/ethnic disparity in preventable
adults ED visits rates in Florida state.8,135–137 However, most of these studies are limited to the
adult Medicaid population. However, we have limited information about the overall impact of the
managed care on pediatric preventable hospital visits, pediatric care fragmentation, and
consequences on the persistence of racial/ethnic disparities in pediatric care. Besides, little is
known about the impact of SMMC programs on maternal care, particularly, whether managed care
programs impacted low-risk cesarean rates and racial/ethnic disparities in postnatal hospital visits.
Florida’s Medicaid agency requires MCOs to submit the Healthcare Effectiveness Data,
Information Set (HEDIS), and child core set for performance evaluations.138,139 However, these
performance metrics do not comprise measures that evaluate MCO's effort in addressing children’s
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and maternal care disparities, resulting in higher preventable ED

visits and inpatient

readmissions.139–141 The absence of a metric indicates a quality gap regarding the monitoring and
knowledge of the health status and disparity of the children and pregnant women currently enrolled
in the managed care plan.140–142 Hence, there is a need to investigate the impact of the
implementation of mandatory managed care in Medicaid on pediatric care visits, disparities, and
associated adverse health outcomes. Therefore, we sought to answer the following questions. First,
what is the impact of mandatory managed care in Florida in reducing adverse outcomes and
racial/ethnic disparities in pediatric care? Second, how SMMC program is impacting the low-risk
cesarean rates and preventing associated adverse health outcomes in Florida? We hypothesize that
SMMC is associated with lower preventable hospital visits and reduced racial/ethnic disparities
across the pediatric and maternal population, mainly due to improved access to primary care and
other targeted social need-based interventions.
7.2 Materials and Methods
7.2.1 Dataset
We conducted a retrospective observational study of pediatric hospital visits from January
1, 2016, to September 30, 2017, across all Florida’s hospitals, using the Hospital Cost and
Utilization Project (HCUP) all-payer State ED (SED) visit and State Inpatient Databases (SID).
The SED and SID database is an administrative all-payer database including the uninsured
database, which is maintained and certified by the Agency for Health Care Research and Quality
(AHRQ).143 The dataset contains patient-level information on demographic characteristics,
insurance status, and International Classification of Diseases, Clinical Modification (ICD-9-CM
and ICD-10-CM) diagnosis, procedure codes, and patient location from 265 acute care hospitals
across 67 Florida counties. Medicaid quarterly market penetration data for Florida counties
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obtained from the Medicaid monthly enrollment report published by the Florida Agency for Health
Care Administration (AHCA).130 We calculated the quarterly rate using data from the monthly
enrollment data in March, June, September, and December for the respective year.7,8 Designated
medically underserved area (MUA) status and mon-metropolitan county status were determined
using the U.S. Health Resources and Services Administration (HRSA) classification.144
7.2.2 Study Settings and Population
We conducted retrospective cross-sectional studies for two different patient populations,
(1) children aged 0 to 17 and (2) pregnant women covered by Medicaid and commercial insurance
coverage. For the children patient population, we excluded all adult patients (>18), residential
addresses outside Florida, and observations with any missing records in the variables. The maternal
delivery-related cohort for obstetric delivery-related admissions identified from diagnosis and
procedure codes using the widely recognized stepwise methodology.145 Patient discharges with an
abortive outcome, stillbirth, residential address outside the state, against medical advice, and inhospital mortality were excluded from the dataset.
7.2.3 Outcome Variables
Our health outcome variables for pediatric care quality are preventable ED visits, 30-days
unplanned ED visits, 30-days unplanned readmission, and non-index readmission rates.
Preventable ED visits were classified using the NYU-ED Billing Algorithm developed by the New
York University Center for Health and Public Service Research.71 30-days ED revisits is defined
as the treatment and release of ED utilization for any unplanned or preventable causes occurring
within 30 days of index ED or inpatient care discharge using a similar approach as the NYU-ED
Billing Algorithm. All-cause readmission was defined as inpatient hospitalization to any Florida
hospital within 30 days following discharge of an acute care hospitalization for any unplanned
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reason using the previously validated all-cause Pediatric All-Condition Readmission algorithm by
the Boston Children Hospital to identify pediatric readmission.146 Only the first ED revisits and
readmission visits within 30 days were considered and subsequent encounters after 30 days from
discharge were identified as another index visit. Finally, non-index readmission rates were defined
as the proportion of different hospital readmissions (non-index) out of all pediatric readmissions.
For the preventable pediatric ED visits, we analyzed ED visits per 100,000 population in each
county, while other outcome varies were considered as binary (yes/no) variables. There have been
significant racial/ethnic disparities associated with these pediatric care outcomes79 and have been
used as the indicator of quality-of-care in prior studies.7,8,132–137
Our primary outcomes for maternal care were low-risk cesarean rates, post-partum
preventable ED visits, and postpartum preventable readmissions, and vaginal delivery after
cesarean (VBAC) rates. Low-risk cesarean rates were calculated as the percentage of livebirth
cesarean deliveries among all obstetric low-risk deliveries. Low-risk deliveries were identified for
all terms as singleton, vertex, and live birth deliveries without prior cesarean and without high-risk
diagnoses.147 Postpartum hospital readmission was defined as an admission within 42 days (6
weeks) after the date of delivery admission.148 Unplanned ED visits were calculated as a binary
(yes/no) variable for any return to the ED within 42 days of hospital discharge using the NYU-ED
Billing Algorithm. These maternal care health outcomes were used for monitoring the quality of
obstetric care and varied disproportionally among the historically disadvantaged race/ethnic
mothers.149–151
7.2.4 Covariates
Covariates for the pediatric patient cohort were age (0-1, 1–5, 5–10, 11–14, 14–17 years),
gender, and comorbidity score. For the pediatric comorbidity variables, we evaluated 27 common
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pediatric pathologies152 and categorized into three patient groups (0–2 [absent], 3–5 [low] and ≥
6 [high]).153 Covariates for the obstetric care cohort were age (<18, 18-30, 30-40, >40 years), and
comorbidity score. We evaluated 24 common comorbidities and weighted summed to categorize
them into three patient groups (0 [lowest risk], 1 or 2, or >2 [highest]).154 Race and ethnicity were
categorized into three groups non-Hispanic white, non-Hispanic Black, and Hispanic for both
patient cohorts.
7.2.5 Modeling and Analysis
We used the difference-in-differences (DID) approach to evaluate the impact of the SMMC
on pediatric and maternal healthcare quality outcomes. The DID approach is a quasi-experimental
design that has been widely used in causal relationships in health care policy research, particularly
when randomization is not available.155–158 We compare the changes in selected pediatric and
maternal health outcomes among Medicaid beneficiaries (treatment) and commercially insured
population (comparison), before and after the implementation of SMMC. We considered the preSMMC period (January 2010 to March 2014) and comparator post-SMMC implementation period
from October 2014 to September 2017 excluding the implementation periods of April 2014 to
September 2014. We defined disparity in health outcomes of Medicaid enrollees compared with
the outcomes of commercially insured patients. Our DID estimation method assumed that trend in
health outcomes for commercially insured patients reflect reflects the secular trend in outcomes.7,8
We performed multivariable linear regression analyses with county and quarter fixed effect and
robust SEs to determine health outcome differences between before and after SMMC
implementation periods. The pediatric care outcome preventable hospital visits were compared
using multivariate regression analysis with a negative binomial distribution and log link family.
The DID estimation model for preventable pediatric ED visits is:
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𝑌𝑖𝑗𝑘𝑙 = 𝛽𝑜 + 𝛽1 𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑗𝑘𝑙 + 𝛽2 𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑗𝑘𝑙 × 𝑃𝑜𝑠𝑡𝑆𝑀𝑀𝐶𝑖𝑗𝑘𝑙 + 𝛾𝑘 𝑅𝑎𝑐𝑒/
𝑒𝑡ℎ𝑛𝑖𝑐𝑖𝑡𝑦𝑖𝑗𝑘𝑙 × 𝑃𝑜𝑠𝑡𝑆𝑀𝑀𝐶𝑖𝑗𝑘𝑙 + 𝑞𝑡𝑟𝑙 + 𝑐𝑜𝑢𝑛𝑡𝑦𝑖 + 𝛿𝑋𝑖𝑗𝑘𝑙 + 𝜀𝑖𝑗𝑘𝑙
where, 𝑌𝑖𝑗𝑘𝑙 is the number of preventable pediatric ED visits per 100000 children population
insurance i, county j, race/ethnic group k and quarter l. 𝑅𝑎𝑐𝑒/𝑒𝑡ℎ𝑛𝑖𝑐𝑖𝑡𝑦𝑖𝑗𝑘𝑙 , 𝑃𝑜𝑠𝑡𝑆𝑀𝑀𝐶𝑖𝑗𝑘𝑙 and
𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑗𝑘𝑙 are the binary (yes/no) indicators for the race/ethnicity (non-Hispanic African
American and Hispanic), post SMMC implementation period ( quarter 4 2014 to quarter 3 2017),
and Medicaid enrollee, respectively. 𝑋𝑖𝑗𝑘𝑙 represents average patients characteristics for age group,
gender, and comorbidity scores for insurance i, county j, race/ethnic group k and quarter l. 𝑐𝑜𝑢𝑛𝑡𝑦𝑖
and 𝑞𝑡𝑟𝑙 represent the fixed effect that quarter and county might have with the outcome and
therefore, reduce the estimation bias.
To assess the SMMC impact in other categorical outcomes pediatric and maternal
outcomes, we used Propensity Score Weighted multivariate logistic regression analysis with loglink binomial families. The DID estimation model for other health outcomes is:
𝑙𝑜𝑔𝑖𝑡[𝑝𝑟𝑜𝑏(𝑌𝑖𝑗𝑘𝑙 ) = 1] = 𝛽𝑜 + 𝑝𝑟𝑜𝑝𝑒𝑛𝑠𝑖𝑡𝑦𝑖 + 𝛽1 𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖 + 𝛽2 𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖 ×
𝑃𝑜𝑠𝑡𝑆𝑀𝑀𝐶𝑖 + 𝛾𝑘 𝑅𝑎𝑐𝑒/𝑒𝑡ℎ𝑛𝑖𝑐𝑖𝑡𝑦𝑖𝑘 × 𝑃𝑜𝑠𝑡𝑆𝑀𝑀𝐶𝑖 + 𝑞𝑡𝑟𝑙 + 𝑐𝑜𝑢𝑛𝑡𝑦𝑗 + 𝛿𝑋𝑖 + +𝜀𝑖𝑗𝑘𝑙
where, 𝑌𝑖𝑗𝑘𝑙 is the binary (yes/no) indicator for the selected outcome for patient i, county j,
race/ethnic group k, and quarter l. 𝑅𝑎𝑐𝑒/𝑒𝑡ℎ𝑛𝑖𝑐𝑖𝑡𝑦𝑖𝑘 , 𝑃𝑜𝑠𝑡𝑆𝑀𝑀𝐶𝑖 and 𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖 are the binary
(yes/no) indicators for the race/ethnicity, post SMMC implementation period (quarter 4 2014 to
quarter 3 2017), and Medicaid enrollee, respectively. 𝑋𝑖 represents covariate variables for patient
i. For the pediatric care outcomes, covariates are age group, gender, and pediatric comorbidity
scores, where covariates for maternal care outcomes are age group, gender, and obstetric
comorbidity scores. 𝑝𝑟𝑜𝑝𝑒𝑛𝑠𝑖𝑡𝑦𝑖 is the propensity score (0-1) for the patient i. A propensity score
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is estimated through a multivariate logistic regression model and has been widely adopted by the
researcher to balance the characteristics of the treatment and the sample control group.159–162
7.3 Results
The analysis included 55.1 million hospital visits by Florida residents from January 1,
2010, to December 31, 2017, of which 35.6 million were Treat-and-release ED encounters and
19.5 million were hospital inpatient care. Among these hospital visits and those that meet our
exclusion criteria, our analysis included 7,683,385 pediatric Treat-and-release ED visits, 501,083
pediatric index hospital visits, and 1,749,129 hospital births. Among these pediatric hospital ED
visits, 608,851 them (51.7 %) were found potentially preventable if treated in primary care settings.
Among these pediatric ED visits, 6,724,190 were index ED visits of which, 5581108 (8.03%)
returned to ED within 30 days of initial ED discharges with preventable causes. Consequently, the
total number of index pediatric ED visits and index inpatient visits included in our study were.
Among the index visits, 41,107 (8.21%) were readmitted within 30 days. Of the 41,107
readmissions, 5,585 (13.57%) were readmitted to non-index hospitals. Among the identified
1,749,129 hospital births after meeting the inclusion criteria, 594,703 (34.01%) were cesarean
deliveries for Florida residents. Of these hospital births, 43728 (2.5 %) were readmitted into
inpatient care and 68216 (3.9%) were returned to ED care for preventable causes.
7.3.1 Economic analysis
The median pediatric hospital readmission charges were $27920 with an interquartile range
($15347-$57594), and total readmissions-related hospital charges were $2.54 billion. The average
hospital charge for potentially preventable pediatric ED visits was $2325, and total preventable
ED visits related to hospital charges were $8.9 billion for the combined study period (average
yearly $1.1 billion). Among these hospital charges, Medicaid programs were charged for a
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substantial $6.1 billion (68.5%) of pediatric preventable hospital charges. The total hospital
charges for cesarean deliveries in Florida during 2010-2017 were $12.9 billion with average annual
hospital charges of $1.61 billion. Particularly, the annual total hospital charges for Medicaidinsured cesarean delivery was $819 million for the study period. In addition, the total postpartum
readmission and unplanned ED visit charges were $550 million and $41 million, respectively.
Table 7.1: Impact of SMMC on pediatric health outcomes and racial/ethnic disparities
Outcomes

Preventable ED visits
30-days unplanned ED
revisits
30-days unplanned
readmission
Non-index readmission rates

Medicaid
Odds ratio (95% CI)
P value
0.89 (0.84-0.94),
p < 0.01
0.84 (0.74-0.94),
p < 0.01
0.96 (0.89-1.03),
P =0.25
1.02 (0.94-1.09),
p =0.47

Medicaid African
American
Odds ratio (95% CI)
P value
0.81 ( 0.72-0.91),
p < 0.01
0.86 (0.76-0.96),
p =0.02
0.91 (0.84-0.97),
P =0.02
1.05 (0.96-1.14),
p =0.15

Medicaid Hispanic
Odds ratio (95% CI)
P value
0.76 ( 0.61-0.89),
p < 0.01
0.87 (0.77-0.97),
p = 0.01
0.97 (0.89-1.06),
P =0.12
0.99 (0.92-1.06),
p =0.25

7.3.2 Differences in Pediatric Outcomes After SMMC
The result from the difference in difference method for comparing pediatric outcomes is
shown in Table 7.1. The multivariable analysis adjusted for covariates showed a significant
decrease (OR, 0.89; CI, 0.84–0.94 p<0.01) in the incidence of pediatric preventable ED visits.
Furthermore, children visited after SMMC implementation resulted in a lower likelihood (OR,
0.84; CI, 0.74–0.94 p<0.01) of experiencing a return ED visits compared with the pre SMMC
period. However, overall 30-days unplanned pediatric readmission rates no difference (p=0.47)
between the two comparator periods. In addition, readmissions to non-index hospital rates as a
proxy measure of care fragmentation were also not found significant.
After adjusted for patient’s age and comorbidities, SMMC implementation also revealed
a substantial racial/ethnic disparities reduction in pediatric preventable hospital visits compared
with the commercial insured and white raced children. The likelihood of experiencing a
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preventable ED visit in African American (OR, 0.81; CI, 0.72–0.91 p<0.01) and Hispanic (OR,
0.76; CI, 0.61–0.89 p<0.01) raced children insured with Medicaid were significantly reduced
relative to the Medicaid insured non-Hispanic children after SMMC implementation when
compared with the commercial insurance rates. A similar reduction of racial/ethnic disparities in
30-days unplanned ED revisits for Medicaid African American (OR, 0.86; CI, 0.76–0.96 p=0.02)
and Medicaid Hispanic (OR, 0.87; CI, 0.77–0.97 p=0.01) was also reported. In addition, SMMC
resulted in a significant reduction in 30-days unplanned readmission rates for the Medicaid African
American children (OR, 0.91; CI, 0.84–0.97 p=0.02) discharged from inpatient care, compared
with the Medicaid white and commercial insurance patient population.
7.3.3 Differences in Maternal Outcomes Before and After SMMC
The DID estimation results of SMMC implementation on maternal health outcomes are
shown in Table 7.2. The multivariable analysis adjusted for covariates showed no difference in
Medicaid low-risk cesarean rates (0.29) and vaginal delivery after cesarean (VBAC) rates (p
=0.59), compared to the commercially insured patients. Interestingly, SMMC implementation
resulted in a slightly lower likelihood of low-risk cesarean (OR, 0.90; CI, 0.84–0.96 p<0.01) and
VBAC (OR, 0.91; CI, 0.82–0.99 p=0.04) for Medicaid African American mother, when compared
with the white race and commercially insured mothers. SMMC implementation also revealed a
reduction in overall Medicaid Postpartum preventable ED revisits (OR, 0.91; CI, 0.83–0.99
p=0.03)

and preventable readmissions (OR, 0.89; CI, 0.78–0.97 p=0.02) compared with the

commercial insured rates. Besides, SMMC resulted a significant racial/ethnic disparities reduction
in Postpartum preventable ED revisits (OR, 0.86; CI, 0.77–0.97 p<0.01) and Medicaid Hispanic
(OR, 0.91; CI, 0.84–0.98 p=0.01). All the models satisfied the post-estimation testing criteria.
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Figure 7.1 Preventable hospital ED visits trends by race/ethnicity and payer

Figure 7.2: Preventable ED visit reduction after SMMC across Florida counties
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7.3.4 Regional Variation and Disparities in Underserved Communities
The racial/ethnic disparities in preventable pediatric ED visits and readmission rates are
shown in Figure 7.1. The disparities in preventable ED visits showed a slight increase for Medicaid
African American and Hispanic children population before the pre-SMMC period and a downward
trend compared after quarter 1 2015 compared with the white patient population. We also observed
similar upward and downward trends of racial disparities in pediatric readmission rates in both
Medicaid and commercially insured patients, compared with the white race population.
Table 7.2: Impact of SMMC on maternal health outcomes and racial/ethnic disparities
Outcomes

Low-risk cesarean rates
Postpartum preventable ED
revisits
Postpartum preventable
readmissions
Vaginal delivery after
cesarean (VBAC) rates

Medicaid
Odds ratio (95% CI)

Medicaid African
American
Odds ratio (95% CI)

Medicaid Hispanic
Odds ratio (95% CI)

0.97 ( 0.89-1.05),
p = 0.29
0.91 (0.83-0.99),
p =0.03
0.89 (0.78-0.97),
P =0.02
1.01 (0.94-1.08),
p =0.59

0.90 (0.84-0.96),
p < 0.01
0.96 (0.89-1.03),
p =0.36
0.97 (0.89-1.05),
P =0.42
0.91 (0.82-0.99),
p =0.04

1.04 (0.96-1.12),
p =0.39
0.86 (0.77-0.97),
p < 0.01
0.91 (0.84-0.98),
P =0.01
0.99 (0.91-1.07),
p =0.16

There was substantial geographic variation in pediatric preventable hospital visit reduction
rates across Florida State counties after the implementation of the SMMC program (Figure 7.2).
The difference between pre-SMMC and Post-SMMC preventable ED visit rates ranges from 1.2%
to 11.3%, while changes in preventable readmission rates range from 0.1% to 8.2% across Florida
counties. The average changes in pediatric preventable ED visit rates (4.2% vs 5.9%, p =0.02) and
readmission rates (2.1% vs 4.5%, P=0.01) in medically underserved counties were significantly
lower than in the other counties. The changes in pediatric unplanned ED revisit rates and nonindex readmission rates for medically underserved counties were not found significant compared
with other counties. The difference in changes rates in maternal care outcomes for medically
underserved counties was also not found significant compared with other counties. Similarly, we
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found similar lower SMMC change rates in non-metropolitan counties only for pediatric
preventable ED revisits and readmissions rates. Medicaid penetration rates in Florida counties also
significantly affected changes in pediatric and maternal outcomes after SMMC implementation.
We compared the changes in pediatric and maternal outcomes for two stratified patient groups by
counties with a cutoff value of median Medicaid managed care penetrate rates (Table 7.3). We
found a slightly higher change in health outcomes for counties with above-median Medicaid
managed care penetration rate than other counties. Interestingly, we only found a significant
reduction in racial/ethnic disparities for counties with above-median penetration rates than other
counties with below-median rates.
Table 7.3: Impact of SMMC on pediatric and maternal care outcomes and racial/ethnic disparities
Outcomes

Counties bellow median SMMC
Penetration Rates
Odds ratio (95% CI)
Medicaid
African
Hispanic
American

Counties over median SMMC Penetration
Rates
Odds ratio (95% CI)
Medicaid
African
Hispanic
American

Preventable ED
visits
30-days
unplanned ED
revisits
30-days
unplanned
readmission
Non-index
readmission rates

0.91
( 0.86-0.96)
0.92
( 0.85-0.97)

0.96
( 0.90-1.02)
0.97
( 0.92-1.02)

0.93
( 0.86-1.00)
0.96
( 0.91-1.03)

0.86
( 0.81-091)
0.80
( 0.75-0.85)

0.79
( 0.74-0.85)
0.82
( 0.77-0.87)

0.75
( 0.70-0.81)
0.86
( 0.81-0.91)

0.97
( 0.82-1.05)

0.99
( 0.94-1.06)

0.96
( 0.90-1.01)

0.94
( 0.87-1.01)

0.89
( 0.84-0.94)

0.84
( 0.79-0.89)

1.02
(0.97-1.07)

1.02
( 0.96-1.08)

0.99
( 0.94-1.04)

0.97
( 0.89-1.05)

1.06
( 1.01-1.11)

0.96
( 0.91-1.01)

Low-risk
cesarean rates

1.01
( 0.94-1.07)

0.98
( 0.92-1.04)

1.01
( 0.95-1.07)

0.96
( 0.91-1.01)

0.88
( 0.81-0.94)

1.01
( 0.95-1.07)

Postpartum
preventable ED
revisits
Postpartum
preventable
readmissions
VBAC rates

0.94
( 0.88-1.00)

0.99
(0.92-1.05)

0.95
( 0.89-1.01)

0.89
( 0.84-0.94)

0.95
( 0.90-1.01)

0.84
( 0.79-0.89)

0.95
( 0.89-1.01)

1.01
( 0.96-1.07)

0.91
( 0.85-0.96)

0.88
( 0.82-0.94)

0.97
( 0.92-1.02)

0.92
( 0.87-0.97)

1.01
( 0.94-1.07)

0.92
( 0.86-0.98)

1.00
( 0.94-1.05)

1.01
( 0.96-1.06)

0.89
( 0.84-0.95)

0.97
( 0.92-1.02)
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7.4 Discussion
In summary, we investigated the impact of State of Florida mandatory managed care
programs in reducing pediatric preventable hospital visits, care fragmentation, and maternal care
outcomes, particularly focusing on persistent racial/ethnic disparities. To our knowledge, this is
the first study to analyze SMMC's impact on pediatric and maternal care quality and explore the
association between SMMC implementation and racial/ethnic disparities. We DID estimation
showed evidence of a substantial reduction in several pediatric care outcomes (e.g., preventable
hospital visits and revisits) and maternal care outcomes (postpartum revisits and readmission rates)
for the Medicaid population compared with the privately insured patient population. After SMMC,
historically disadvantaged race/ethnic patients also experienced significantly lower disparities in
several pediatric care quality outcomes including preventable ED visits and revisits incidence
rates, compared with white and privately insured children. Our results also suggest a significant
association with SMMC and lower disparities in maternal care outcomes including postpartum
hospital return visits for Medicaid Hispanic patient population and VBAC rates for non-Hispanic
African American mothers. Finally, we also estimated the financial impact due to potentially
preventable hospital encounters for Medicaid pediatric and obstetric care patient populations.
Florida residents with Medicaid coverage resulted in an annual $1.4 billion and $73 million
hospital charges for preventable pediatric and obstetric care hospital visits, that can be potentially
avoidable and could be treated in primary care settings. In general, the study highlights the overall
impact of SMMC on pediatric and obstetric healthcare quality in Florida State; and provides
important insights regarding the positive dynamics and potential scope for improvement in care
quality and associated racial/ethnic disparities among the Medicaid population.
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In our study, we found a significant reduction in pediatric ED utilization consistent with
the conclusion in several prior studies.163,164 This reduction in pediatric ED utilization and
associated racial/ethnic disparities after SMMC implementation consistent with the adult Medicaid
population in Florida.8 Besides, several studies in other states and other settings also reported ED
utilization reduction in various mandatory managed care patient groups.165–169 This overall
reduction in pediatric ED utilization and racial/ethnic disparities reported in our study can be
explained by multifactorial causes; (1) higher number of pediatric good care and preventive care
visits in recent years170–172 (2) many managed care organizations implemented effective
intervention strategies such as need-based assistance program173–175 (3) Improved access to more
primary care physicians and pediatricians within MCO network for the vulnerable population, due
to higher market competition.176,177 Our findings of similar readmission rate and non-index
readmission rates after SMMC may be associated with the prevalence of an increasing number of
admissions for children with medical complexities178 and a higher degree of pediatric
regionalization in Florida compared with other states.94 Although, SMMC resulted in a marginal
decline in ED utilization diabetes, there is still the difference in incident rate compared with white
and commercially insured children, which suggest they still exist systematic disparities in
Medicaid population. Therefore, appropriate interventions addressing social health determinants
and disparities in pediatric care such as need-based assistance programs, promoting parent health
literacy, early childhood screening, and community-based care can help to mitigate the risk of
adverse health outcomes and, thus contribute to reducing unwanted healthcare expenditures.179–182
In addition, the reduction in postpartum hospital utilization after SMMC implementation
consistent with obstetric outcomes reported in prior managed care cohorts.183–185 The decline in
post-partum readmission rates after SMMC suggests improvement in post-natal primary care
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access, better hospital discharge, and care continuity after birth.186–188 Although, SMMC resulted
in an overall reduction in a post-partum preventable hospital visit, disparities in African-Americans
were not found significant and therefore suggest reinforce the need for more targeted interventions
addressing the persistence of racial/ethnic disparities in obstetric care and birth outcomes. The
significant reduction in post-partum preventable hospital visit disparities for the Hispanic patient
population is likely related to recent managed care efforts in improving the language barrier for
Hispanic/ Latino mothers.189 The language barrier may contribute to poorer healthcare access and
adverse health outcomes for Hispanic/ Latino mother particularly living in households with limited
English proficiency.190–193 Our finding of similar low-risk cesarean rates after SMMC suggests the
persistence of cultural differences, patient preferences, and attitudes towards the mode of
delivery.194,195 Additionally, the prevalence of higher cesarean inclined demographic subgroups
(e.g., Latin Americans and West Indian Americans in Florida) may contribute to the similar
increased cesarean rate among Hispanic mothers.196,197 Therefore, implementing high-risk
population-specific nonclinical interventions, such as midwife/doula-led continuity of care,
antenatal education, and training for patients with low-risk pregnancies, through Medicaid
programs can significantly reduce the low-risk cesarean rate and other potential adverse birth
outcomes.198,199
The findings of our study are particularly important since SMMC MCOs reported a
substantial financial loss of $550 million throughout the 5-year contracts.200 Hence, it is critical
for all stakeholders including state government, MCOs, and relevant stakeholders to understand
the impact of SMMC on the quality of care and understand the opportunities for improvements.
Consequently, our study offers critical insights into the pediatric and maternal care quality after
the implementation of SMMC in Florida and, therefore, suggests opportunities for both MCOs and
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policymakers to improve the overall quality of care and reduce avoidable healthcare expenditures.
The similar rates of preventable readmission in both pediatric and maternal care suggest an
unresolved

system

issue

care

transition

complications

resulting

from

fragmented

care.107,108Through understanding of SMMC impact pattern, MCO could implement strategies to
engage certain patients through alternative care settings such as Telehealth and home health care
initiative.113,114 Florida MCOs have broad flexibility to cover services and set their requirements
and therefore, the findings of our study could help MCOs to design appropriate alternative care
settings supporting the vulnerable populations by providing the care they need.68,115
7.5 Conclusions and future works
This study has several common limitations, most of which are related to a retrospective
analysis of administrative claim databases. First, the HCUP database is an administrative claim
dataset that uses ICD codes to classify patients’ medical diagnoses, procedures, and outcomes. The
possibility of coding inaccuracy or incorrect information cannot be dismissed. Second, although
our study makes a significant contribution through developing a preventable ED prediction model
under Florida state MCO settings, the findings of this study may not be generalizable to other U.S.
state MCO. Third, the HCUP dataset does not include information for federal hospital discharges
and non-hospital births (e.g., birth center deliveries and home births). However, the proportion of
these out-of-hospital births are very small compared to hospital births and would not affect our
estimation.201 Fourth, we only considered ED revisits for different insurance payers after the ED
and inpatient care covered by Medicaid managed care. However, the proportion of heterogeneous
insured ED revisit was expected to be low compared with the same insurance ED revisit. Fifth,
our research did not include information regarding health literacy, and post-acute care quality,
thus, including these factors may have marginally improved prediction performance. Finally, the
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HCUP dataset does not include the exact amount hospital received from public and private
insurance providers, which may overestimate financial implications for the managed care. Future
research could be directed towards SMMC's impact on children and pregnancy well-care visits to
better understand the holistic impact of mandatory managed care in Florida.
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Chapter 8: Conclusions and Future Directions

Healthcare delivery systems in the United States is by far one of the most complex in the
world with fragile interconnections and linkage between the components of multihospital systems,
physician groups, insurers, regulatory organizations, and others. This complexity of care delivery
coupled with the shortage of care providers and persistent disparities in care access are often
responsible for distortional adverse health outcomes and unnecessary resource utilization in
vulnerable Medicaid populations including children and pregnant women. Therefore, the objective
of this dissertation is to discover new knowledge regarding care fragmentation and disparities in
pediatric and maternal care and develop improved data-informed holistic decision support
considering all major Medicaid stakeholders (patient, managed care programs, providers, and state
policymakers) that could aid stakeholders in their capacity to better design a more effective and
comprehensive maternal and pediatric care delivery. Hence, I explored three knowledge discovery
studies and three novel predictive modeling studies to address the research objectives/questions,
which can be summarized into the following major findings.
1. A substantial proportion of children experienced non-index readmission and worse health
outcomes compared to children who experienced index readmission. Significant factors
associated with non-index readmissions were demographic, clinical, discharge planning,
and hospital characteristics. Strategies for improving continuity of care by targeting
children at high risk for non-index readmissions are necessary to reduce poorer health
outcomes.
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2. Proposed condition-specific machine-learning methods in chapter 2 improved the
readmission prediction in most pediatric conditions compared with the traditional all-cause
readmission models. Significant risk factors varied widely by index diagnosis, indicating
disease-specific multifaceted intervention plans may help to reduce adverse pediatric
outcomes.
3. In chapter 4, proposed a novel early pediatric readmission risk prediction model at the time
of hospital admission comparable performance with the traditional at-discharge model.
This proposed model can improve the overall high-risk patient selection process for the
admitting hospitals since a substantial proportion of pediatric readmission occurred within
the first week.
4. In chapter 5, the proposed new high-risk patient selection framework under Medicaid
managed care settings achieved moderate discrimination power in predicting pediatric
preventable ED visits. After analyzing Florida hospital's data, a substantial proportion
(over 50%) of the total ED visits were found preventable/avoidable in other care settings.
The total yearly hospital charges for potentially preventable pediatric ED visits in Florida
is $1.1 billion, of which $800 million charges for Medicaid-managed care covered ED
visits.
5. To better understand the causes of the persistent high variation in interstate cesarean rates,
I proposed a non-linear extension of the Oaxaca-Blinder decomposition method. Our
approach explained overall (~46.57–65.45%) the cesarean variations across states and
which is considerably higher than those of a prior study (~30.7–43.7%) in the United
States. Significant factors found in the analysis associated with cesarean delivery across
states were socio-demographic (non-White, older age, private insurance, higher
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socioeconomic status), clinical (higher comorbidity score), and related hospital
characteristics (teaching hospital, larger hospital, higher markup ratio). This study can help
managed care programs and state policymakers to devise more effective non-clinical
interventions such as including improving access to maternal care, training for patients
with low-risk pregnancies for state-specific high-risk groups (e.g., Hispanic/Latino), and
restructuring the reimbursement schemes of for-profit hospitals (e.g., bundled payment,
managed care).
Finally, the investigation of the impact of SMMC programs is the first study to analyze
SMMC's impact on pediatric and maternal care quality and explore the association in reducing
racial/ethnic disparities. The estimation showed evidence of a substantial reduction in several
pediatric care outcomes (e.g., preventable hospital visits and revisits) and maternal care outcomes
(postpartum revisits and readmission rates) for the Medicaid population compared with the
privately insured patient population. After SMMC, historically disadvantaged race/ethnic patients
also experienced significantly lower disparities in some pediatric and maternal care quality
outcomes, while other quality outcomes remained the same as before. This study, therefore,
provides important insights for State policymakers regarding the positive dynamics and potential
scope for improvement in care quality and associated racial/ethnic disparities among the Medicaid
population.
Therefore, in summary, this dissertation comprehensively provides novel insights and
introduces innovative decision support approaches that can contribute to multiple Medicaid
stakeholders which can be used to improve pediatric and maternal care quality and, consequently,
reduce avoidable healthcare expenditures.
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There are still several challenges in preventing adverse health outcomes in children and
maternal care among the Medicaid population. Future research could be directed towards the
development decision support system for designing multifaced intervention programs for high-risk
children and pregnancy. Besides, understanding the impact of non-clinical interventions such as
health literacy and parents’ language barriers among children requires further analysis and how to
engage physicians/ hospital staff could engage with parents in these non-clinical interventions need
to be addressed. In addition, the COVID-19 pandemic disproportionally affected the Medicaidinsured children and mother health and led to an unprecedented reduction in Medicaid-covered
pediatric and maternal hospital visits in Florida, which may short- and long-term adverse impacts
on overall health. Therefore, the future direction could be directed to analyze the impact of the
COVID-19 pandemic on the Medicaid population and how the situation can be improved through
intervention and improve data-driven decision support system.
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